Population genetic studies reveal biodiversity patterns and inform about drivers of evolutionary differentiation and adaptation, including gene flow, drift and selection. This can advance our understanding and aid decision making regarding management and conservation efforts. Microsatellites have long been used in population genetic studies. Thanks to the development of newer techniques, sequencing approaches such as restriction site associated DNA sequencing (RADseq) are on their way to replace microsatellites for some applications. However, the performance of these two marker types in population genetics have rarely been systematically compared. We utilized three neutrally and adaptively differentiated populations of anadromous pike (Esox lucius) to assess the relative performance of microsatellites and RADseq with respect to resolution and conclusiveness of estimates of population differentiation and genetic structure. To this end, the same set of individuals (N = 64) were genotyped with both RADseq and microsatellite markers. To assess effects of sample size, the same subset of 10 randomly chosen individuals from each population (N = 30 in total) were also genotyped with both methods. Comparisons of estimated genetic diversity and structure showed that both markers were able to uncover genetic structuring. The full RADseq dataset provided the clearest detection of the finer scaled genetic structuring, and the other three datasets (full and subset microsatellite, and subset RADseq) provided comparable results. A search for outlier loci performed on the full SNP dataset pointed to signs of selection potentially associated with salinity and temperature, exemplifying the utility of RADseq to inform about the importance of different environmental factors. To evaluate whether performance differences between the markers are general or context specific, the results of previous studies that have investigated population structure using both marker types were synthesized. The synthesis revealed that RADseq performed as well as, or better than microsatellites in detecting genetic structuring in the included studies. The differences in the ability to detect population structure, both in the present and the Comparison of Microsatellites and RADseq previous studies, are likely explained by the higher number of loci typically utilized in RADseq compared to microsatellite analysis, as increasing the number of markers will (regardless of the marker type) increase power and allow for clearer detection and higher resolution of genetic structure.
Population genetic studies reveal biodiversity patterns and inform about drivers of evolutionary differentiation and adaptation, including gene flow, drift and selection. This can advance our understanding and aid decision making regarding management and conservation efforts. Microsatellites have long been used in population genetic studies. Thanks to the development of newer techniques, sequencing approaches such as restriction site associated DNA sequencing (RADseq) are on their way to replace microsatellites for some applications. However, the performance of these two marker types in population genetics have rarely been systematically compared. We utilized three neutrally and adaptively differentiated populations of anadromous pike (Esox lucius) to assess the relative performance of microsatellites and RADseq with respect to resolution and conclusiveness of estimates of population differentiation and genetic structure. To this end, the same set of individuals (N = 64) were genotyped with both RADseq and microsatellite markers. To assess effects of sample size, the same subset of 10 randomly chosen individuals from each population (N = 30 in total) were also genotyped with both methods. Comparisons of estimated genetic diversity and structure showed that both markers were able to uncover genetic structuring. The full RADseq dataset provided the clearest detection of the finer scaled genetic structuring, and the other three datasets (full and subset microsatellite, and subset RADseq) provided comparable results. A search for outlier loci performed on the full SNP dataset pointed to signs of selection potentially associated with salinity and temperature, exemplifying the utility of RADseq to inform about the importance of different environmental factors. To evaluate whether performance differences between the markers are general or context specific, the results of previous studies that have investigated population structure using both marker types were synthesized. The synthesis revealed that RADseq performed as well as, or better than microsatellites in detecting genetic structuring in the included studies. The differences in the ability to detect population structure, both in the present and the
INTRODUCTION
Investigations of population genetic structure reveal patterns of biological diversity and inform about the relative importance of underlying evolutionary drivers, such as gene flow, genetic drift and selection (Loiselle et al., 1995) . For example, evidence of genetic differentiation among populations is indicative of restricted gene flow, and informs about geographical and/or ecological barriers to dispersal or gene flow (Yıldırım et al., 2018a; Nordahl et al., 2019) . Strong genetic differentiation may also reflect divergent selection (Charlesworth and Charlesworth, 2017) . Population genomic tools have the possibility to identify such putatively adaptive variation among populations, as genetic variation might be associated with locally adaptive phenotypes and divergent selection driven by environmental heterogeneity (Funk et al., 2012) . Conversely, low genetic structuring among populations may indicate weak selection or result from high dispersal, metapopulation structures, or recent population divergence (Vendrami et al., 2017) . Population genetic studies can thus provide insights into how the different processes have influenced the evolution of populations and species (Charlesworth and Charlesworth, 2017) . Knowledge about population genetic structure is also essential when designing conservation efforts (e.g., translocations, supplementations and (re)-introductions) to ensure successful management (Stephenson, 1999; Hutchinson, 2008; Wright et al., 2015; Nordahl et al., 2019) .
Different types of genetic markers have been widely used to delineate populations. One of the most frequently used marker types in studies of population structure is microsatellites, which are short tandem repeats (of 1-6 bp) in the DNA that are abundant in the genome of most taxa (Field and Wills, 1996) . Most microsatellites behave as selectively neutral markers, but some have been found to be influenced by selection (e.g., in Cortazar-Chinarro et al., 2017) , presumably because of their linkage to other loci that are under selection. Because of the high mutation rate of microsatellites, they are highly polymorphic markers that can inform about recent population divergence (Edwards and Bensch, 2009; Zink et al., 2013; Hodel et al., 2017) , and have proven successful in detecting population structure even among closely related populations (e.g., Wei et al., 2013; Yıldırım et al., 2018a; Nordahl et al., 2019) . Due to logistical constrains, microsatellite studies have traditionally used a relatively low number of markers (<25), which brings about a risk of underestimating genetic structure due to insufficient numbers of polymorphic loci (Hodel et al., 2017) . When low numbers of genetic markers are used, larger sample sizes are required to generate accurate estimates of allele frequencies and diversity (e.g., Hale et al., 2012) , which might be difficult to achieve, especially for endangered species with small population sizes. However, there is no intrinsic limitation to the number of microsatellite markers that can be used, and by increasing the number of markers included, the required sample size would decrease. To obtain higher numer of markers, recent studies have begun to utilize next-generation sequencing to genotype microsatellites, which has proven successful, and even hundreds of microsatellites have been used within studies (e.g., in Bradbury et al., 2018) .
Thanks to technological advances in next-generation sequencing (NGS), alternative sequencing approaches for studying population genetics and genomics are becoming readily available, such as restriction site associated DNA sequencing (RADseq) methods (e.g., RAD-Tag; Baird et al., 2008; ddRADseq; Peterson et al., 2012; and 2b-RAD; Wang et al., 2012) . RADseq targets sequences adjacent to common restriction sites distributed throughout the genome and may recover thousands of loci that can be used to search for single nucleotide polymorphisms (SNPs) and indels to investigate population structure and diversity (Andrews et al., 2016) . RADseq is applicable to non-model organisms (Andrews et al., 2016) , although it produces more satisfactory results when there is a reference genome available for alignment. Due to the slower mutation rate of SNPs on average, the proportion of recent alleles are lower, and each SNP is therefore typically less informative about recent population divergence than the microsatellite markers. Provided that this can be compensated for by a higher number of markers, it has been argued that RADseq can perform as well as, or even better than microsatellites in detecting population structure and divergence (e.g., Hodel et al., 2017; Morgan et al., 2017; Bohling et al., 2019) , even for small datasets (Jeffries et al., 2016; Nazareno et al., 2017; Vendrami et al., 2017) . It has also been argued that the slower mutation rate of SNPs makes them better suitable for revealing ancestral patterns of genetic structuring (Zhang and Hewitt, 2003; Andrews et al., 2016 ; but see Sun et al., 2009 , for evidence to the contrary).
Both microsatellites and RADseq markers have potential to inform about the role of different evolutionary processes. Loci that are not genetically linked to coding or regulatory regions can inform about patterns of genetic variation that result from neutral or stochastic processes. In contrast, loci associated with coding regions can be used to quantify adaptive variation, and inform about functional deterministic processes such as selection. For example, it is possible to detect outlier loci that have putatively been influenced by selection and to search for associations with environmental factors that may impact genetic structure (de Villemereuil and Gaggiotti, 2015; Andrews et al., 2016) , and by annotating the outlier loci, candidate genes with known functions can be identified (Hohenlohe et al., 2010; Nadeau et al., 2014; Brieuc et al., 2015; Pujolar et al., 2015) .
Some difficulties in applicability of the RADseq method restricts its usage in some ecological and evolutionary studies. For example, preparation of RADseq libraries require high molecular weight DNA, and the use of highly degraded DNA result in dramatic decrease in the number of raw reads recovered, and the quality of the reads (Graham et al., 2015) . The library preparation also requires relatively large amount of starting material (50-100 ng of DNA; Andrews et al., 2016) , and if excluding PCR amplification the required amount is even higher (1-2 µg of DNA; Toonen et al., 2013) . It is also worth noting that PCR amplification introduces biases such as unequal representation of individuals, PCR duplicates and allele drop-outs (Andrews et al., 2016) . Therefore, the utility of RADseq are restricted in studies where only small amounts of DNA are available, for example in studies that uses DNA samples collected with non-invasive methods (such as fecal samples) or tissue samples from museums and archeological specimens. Microsatellites, on the other hand, can yield accurate genotyping with highly degraded DNA and low amount of starting material (e.g., Regnaut et al., 2006; Chassaing et al., 2018) . Another disadvantage with the RADseq method is that, despite the decreasing cost of next generation sequencing, it still has a relatively higher cost per individual than microsatellites (Lemopoulos et al., 2019) . Because multiallelic microsatellites are available for many species, utilization of them might be both less costly and laborious than RADseq, and the preferred marker type might differ depending on the aim(s) of the study (Lemopoulos et al., 2019) .
RADseq has gained popularity and represent a valuable alternative to microsatellite markers for population genetic analyses (Andrews et al., 2016) . Use of microsatellites in studies of genetic structure has grown tremendously over the past 30 years from less than 5 papers per year prior to 1995 to nearly 800 papers in 2015, but output has declined thereafter to about 650 papers per year in 2018 ( Figure 1A) , coinciding with the development of newer techniques. The number of studies using RADseq methods to investigate genetic structure is still comparatively low (<1% compared to microsatellites in total, and <10% compared to microsatellites in 2018), but has increased sixfold from about 5 papers per year prior to 2014 to >30 papers per year in 2018 ( Figure 1B) .
In view of the current development, it seems important to systematically evaluate and compare the utility and relative performance of the two different marker types when applied to the same set of sampling populations and individuals. Given that knowledge and understanding of genetic structure is required for informed decision making pertaining to protection and utilization of biodiversity (Stephenson, 1999; Hutchinson, 2008; Wright et al., 2015; Nordahl et al., 2019) , it is also necessary to investigate whether any differences in the relative performance (e.g., resolution and conclusiveness of estimates of population genetic structure) of microsatellites and RADseq markers are context specific or consistent across species, populations, and environmental settings.
In this study, we compared the performance of microsatellites and RADseq in detecting genetic structuring among three : 1900-2018 ) using the following search strings: 1 (microsatellite * OR micro-satellite * ) AND ("genetic structur * "), generated 9185 papers. 2 (RADseq OR Rad-seq) AND ("genetic structur * "), generated 86 papers. 3 (microsatellite * OR micro-satellite * ) AND (RADseq OR Rad-seq) AND ("genetic structur * "), generated 15 papers. 1 (microsatellite * OR micro-satellite * ) AND ("genetic structur * "), populations of anadromous pike (Esox lucius) in the Kalmar Sound region of the Baltic Sea (for sampling locations see Figure 2 ). In the Kalmar Sound, where individuals were sampled for this study, anadromous pike have a homing behavior (Engstedt et al., 2014; Larsson et al., 2015; Tibblin et al., 2016b ) and return to their natal freshwater spawning ground for reproduction (Muller, 1986; Engstedt et al., 2010 Engstedt et al., , 2014 . Reproductive isolation resulting from natal site fidelity, in combination with differences in selective regimes among spawning locations has resulted in phenotypic differentiation in salinity tolerance (Sunde et al., 2018a) , temperature tolerance , vertebral number (Tibblin et al., 2016a) , adult body size and growth rate , and early life history traits and reproductive investment (Berggren et al., 2016) even among closely located populations (including the ones sampled in the present study). This divergence in both neutral markers and functional traits makes them particularly suitable for a comparative study of RADseq and microsatellites, and to the best of our knowledge, this is the first study where RADseq has been implemented in studying genetic structure of E. lucius. To this end, we genotyped the same set of 64 individuals from the three populations (21-22 individuals from each population) using both methods (10 microsatellite loci and 1580 SNPs derived from RADseq). In addition, both microsatellite and RADseq genotyping was performed on the same subset of 10 randomly chosen individuals from each population to evaluate whether and how sample size influenced resolution or conclusiveness of the estimates of population genetic structure. The obtained data were first used to investigate and compare population genetic structure and connectivity (gene flow) among the populations as estimated by both marker types and for the different sample sizes. Next, we utilized the RADseq data to search for loci under selection to identify candidate genes putatively responsible for the phenotypical variation observed among the populations. We also investigated whether selection was correlated with two environmental variables (salinity and temperature) to which these populations have been found to be locally adaptated (Sunde et al., 2018a . Thereafter, to further evaluate the relative performance of microsatellite and RADseq markers, we conducted a literature search to identify previous studies that have used both marker types to study genetic structure, and compared, summarized, and synthesized the findings and conclusions of the previous studies.
MATERIALS AND METHODS

Study Species
Esox lucius is a large predatory fish that plays an important role in many aquatic ecosystems by exerting top-down control (Donadi et al., 2017) , i.e., regulating abundances of species in lower trophic levels. It is also economically important, as a valued species for both recreational and commercial fishing (Pierce et al., 1995; Lehtonen et al., 2009) , and an important model species in studies of ecology and evolution . Unfortunately, declines in pike populations in the Baltic Sea have been observed during the last decades (Lehtonen et al., 2009; Ljunggren et al., 2010; Nilsson et al., 2019; Olsson, 2019) , and management actions, e.g., restoration of spawning habitats, have therefore been conducted to support the populations (Larsson et al., 2015) . Population assignments that could be used to aid in decisions concerning such management efforts have mainly been based on studies utilizing neutral microsatellite markers Wennerström et al., 2016; Eschbach et al., 2019; Nordahl et al., 2019) .
Study Localities and Sampling Procedure
In the present study, three subpopulations of anadromous pike (Harfjärden, Lerviksbäcken and Oknebäck; henceforth Harfjärden, Lervik and Okne) that spawn in the Southeastern part of Sweden were included (Figure 2) In total, 64 individuals from the three populations (Harfjärden N females = 12, N males = 10, Lervik N females = 9, N males = 12, Okne N females = 11, N males = 10) were captured using fyke nets placed in the inlet of the streams leading up to the spawning locations during 4 days of the spawning migration in the spring of 2016 (between March 31 and April 5; for details see Sunde et al., 2018a,b) . Non-lethal sampling of DNA (fin clip) were conducted for each individual, and the individuals were then released back into the water. The DNA samples were immediately placed in separate 1.5 mL Eppendorf tubes with 70% ethanol and kept on ice until transported to the Kalmar Sound Laboratory of Linnaeus University in Kalmar, Sweden, where they were subsequently stored in a freezer (−20 • C) until the molecular work was conducted. The sample of individuals from the three populations in the present study are different from the sample of individuals representing the same populations in the study by Nordahl et al. (2019) .
Molecular Workflow
DNA Extraction and Microsatellite Genotyping
Tissue from each individual was ground using stainless steel beads (Next Advance, United States) and a Bullet Blender, and DNA was extracted using DNeasy blood and tissue kit (Qiagen, United States) according to the manufacturer's instructions. All 64 samples were genotyped for 10 microsatellite loci (Elu 2, Elu 6, Elu 19, Elu 37, Elu 51, Elu 64, Elu 76, Elu 78, Elu 87, and Elu 276; Kapuscinski, 1996, 1997; Hansen et al., 1999) , using Extract-N-Amp Blood PCR Kit for PCR amplification. Fragment analysis was performed by the Uppsala Genome Center (Uppsala, Sweden) using the size standard GeneScan TM 500 ROX TM (Thermo Fisher Scientific), and alleles were scored in the Microsatellite Plugin 1.4.4 in Geneious R Pro 11.0.3 (Biomatters Ltd., New Zealand).
RADseq Library Preparation and Sequencing
For RADseq, the extracted DNA was digested with HF EcoRI (New England Biolabs, United States) at 37 • C for 16 h. Sizeselection of the fragments, paired-end library construction and sequencing was conducted by Science for Life Laboratory (Stockholm, Sweden; henceforth SciLifeLab). The 64 samples used in this study were sequenced along with additional samples (166 samples in total) on two lanes of Illumina HiSeq2500 with a 2 × 126 bp setup, which yielded a total of 89.1 M raw reads for the 64 samples (mean 1.4 M per sample).
Quality Control and Genotyping
Demultiplexing, quality control (with MultiQC; Ewels et al., 2016) and trimming of raw reads (with Trimmomatic; Bolger et al., 2014) to remove adapters and to truncate the reads to 100 bp (because uniform length of the reads is required for the Stacks pipeline) were performed by SciLifeLab. Out of the 89.1 M raw reads 79.7 M reads (89.4%) were kept after quality control and trimming (mean 1.2 M trimmed reads per sample), which were subsequently used for SNP discovery. De novo assembly, SNP calling, alignment to the reference genome and annotation were performed using the integrated approach of the Stacks de novo pipeline (Paris et al., 2017) . In order to choose appropriate values for the parameters m (minimum number of raw reads required to form a stack/putative allele), M (number of mismatches allowed between stacks/putative alleles to merge them into a putative locus), and n (number of mismatches allowed between stacks/putative loci during construction of the catalog) to use in the Stacks pipeline (Catchen et al., 2011 (Catchen et al., , 2013 , we first performed parameter optimization on a subset of the individuals (10 individuals from each population) as described in Paris et al. (2017) and Rochette and Catchen (2017) . The results from the parameter optimization suggested to use m = 3, M = 3, and n = 3 (for details see section Parameter Optimization and Supplementary Figures S1-S3 ). The integrated approach was subsequently used for two different sample sets, one including all 64 samples and one including a subset of 10 individuals (5 males and 5 females randomly chosen) from each population, using the chosen parameter settings for m, M, and n, and the E. lucius reference genome (published by Rondeau et al., 2014) was used for alignment of the sequences. This created a catalog containing 128,884 loci. Following catalog construction, the Populations software in Stacks was used to identify the loci in the catalog that were present in at least 80% of the samples within each population, and that were shared by all three populations. This procedure was run separately for the full sample size (N = 64) and the subsetted sample size (N = 30) respectively (henceforth referred to as "full SNP dataset" and "subset SNP dataset"). For this, a minimum read depth of 10, minimum minor allele frequency of 0.05, and a maximum observed heterozygosity of 0.70 was used. To avoid linkage between markers, only one random SNP per locus was kept. After this relatively strict filtering with Populations, the final dataset consisted of 1580 and 1670 biallelic SNPs for the full as subset SNP datasets respectively. Both datasets were separately used in the subsequent analyses of population structure, genetic diversity and migration, and the dataset for the full SNP dataset was additionally used for outlier analyses. All the analyses were also performed when excluding individuals with >10% missing data (one male from Lervik). The exclusion resulted in only minor changes in the specific values of the estimates but did not qualitatively change the results; and because the results were robust we chose not to exclude the individual from the analyses.
Analysis of Genetic Diversity and Population Structure
To test for scoring errors in microsatellites due to stuttering and allelic dropouts MICRO-CHECKER v2.2.3 (van Oosterhout et al., 2004) was used with 95% confidence intervals and 1000 permutations, and the test did not find evidence of scoring errors due to stuttering or allelic dropouts. To estimate the frequency of null alleles the excluding null allele (ENA) algorithm implemented in FreeNA (Chapuis and Estoup, 2006) was used with 1000 permutations, and the impact of null alleles on the analysis of population differentiation was evaluated by calculating fixation index (F ST ) with and without excluding null alleles. The frequency of null alleles for each loci in each population was relatively low (<10%; Supplementary Table S1), with the exception of one locus (Elu-6) in one population (Harfjärden) that had a higher frequency (17%). The presence of null alleles in the one locus in a single population did not qualitatively affect F ST values per locus over populations or pairwise F ST values between populations over loci ( Supplementary Table S2 ). Therefore, we continued with the uncorrected allele frequencies for subsequent analyses. The microsatellite dataset was, as the SNP dataset analyzed both in its entirety and when subsetting the same 10 individuals from each populations as were used for the subset SNP dataset (henceforth referred to as "full microsatellite dataset" and "subset microsatellite dataset").
For each of the two microsatellite datasets, mean number of alleles, observed heterozygosity (H O ), expected heterozygosity (H E ), and departures from Hardy-Weinberg equilibrium (HWE) were estimated in Arlequin v3.5 (Excoffier and Lischer, 2010) , allelic richness (Ar) and the fixation index Fis were calculated with the software FSTAT (version 2.9.4) (Goudet, 1995) , and number of private alleles was calculated in GENALEX v6.5 (Peakall and Smouse, 2006) . For both of the SNP datasets total number of alleles, number of variant loci, number of private alleles, observed heterozygosity (H O ), expected heterozygosity (H E ), and fixation index (Fis) were estimated using the Populations software in the Stacks pipeline (for details about parameter settings see section Quality Control and Genotyping above).
Multiple approaches that use different algorithms were utilized to investigate the genetic structure and dynamics among the three populations. The purpose of using multiple approaches was to be able to compare the results from the different analyses to obtain a more comprehensive view of the structure detected by the different marker types and sample sizes. Pairwise population differentiation was assessed with the fixation index F ST (Weir and Cockerham, 1984) in GENALEX (Peakall and Smouse, 2006) for the two microsatellite datasets (using 9,999 permutations), and were obtained from the Populations software in Stacks for the two SNP datasets. To determine the most likely number of genetic clusters (K) STRUCTURE v2.3.4 (Pritchard et al., 2000) was used for each of the two microsatellite datasets, and the corresponding software for large SNP datasets, fastSTRUCTURE v1.0 (Raj et al., 2014) , was used for each of the two SNP datasets. Because the proportion of loci identified as putatively under selection was low (∼1% for the full SNP dataset, see section Identification of Loci Putatively Under Selection in Results), the effect of non-neutral loci should not have a large effect on the results, and we therefore chose to use all SNPs in the population structure analyses. Both STRUCTURE and fastSTRUCTURE use a Bayesian approach to assign individuals to genetic clusters. STRUCTURE was run with a priori population information, admixture model, correlated allele frequencies and the default settings according to Pritchard et al. (2000) using a burn-in period of 100,000 generations followed by 200,000 sampling generations. The procedure was iterated 10 times for each K, where K ranged from one to six. The most likely number of genetic clusters was determined with the method by Evanno et al. (2005) implemented in the software STRUCTURE HARVESTER v0.6.94 (Earl and vonHoldt, 2012) , and the CLUMPAK Server was used to combine and visualize the STRUCTURE results (Kopelman et al., 2015) . fastSTRUCTURE was run separately for the two SNP datasets, for each K from one to 10 with the provided script structure.py, using a simple prior. The most likely number of genetic clusters was determined for both the full SNP dataset and the subset SNP dataset with the script chooseK.py, and distruct plots for the chosen values of K were created using the script distruct.py (Raj et al., 2014) . The patterns of genetic differences among the three populations based on all four datasets were visualized with Canonical Analysis of Principal coordinates (CAP) (Anderson and Willis, 2003) in PRIMER7, which is a constrained ordination method that projects the multivariate objects to the axes that maxime the variation between predefined groups (sampling locations in the present study). Prior to the analyses, a diagnostic analysis for each dataset was performed with CAP to determine the number of axes (m) to use. The m values suggested by the software (full SNP: 37, subset SNP: 9, full microsatellite: 4, subset microsatellite: 3) were chosen and used in the further CAP analyses. The null hypothesis of no difference between the centroids of the populations was tested with CAP using 9,999 permutations (Anderson and Willis, 2003; Anderson et al., 2008) . Cross-validation was performed using the leaveone-out approach, which calculates the percentage of samples correctly assigned to their predefined groups.
In addition, a Principal Component Analysis (PCA) based on pairwise genetic similarity (proportion of alleles shared) between individuals and a K-means clustering analysis in Discriminant Analysis of Principal Components (DAPC) (Jombart et al., 2010) were performed for each of the four datasets. These approaches were included as being -unlike STRUCTURE, fastSTRUCTURE and CAP analysis -model-free with no pre-assumptions about the populations (including being in HWE). PCA was visualized with the prcomp function in RStudio 2 v1.1.383 (RStudio Team, 2015) , with R v3.2.2 (R Core Team, 2012) , and the adegenet package (v. 2.1.1) in R was used for DAPC. To avoid overfitting, the number of principal components (PCs) that minimized the mean square error was determined for each of the four dataset and used in the DAPC analyses. Cross-validation for DAPC was carried out for each of the four datasets using 100 repetitions for each PC retention (and 90% as training set and 10% as validation set), and resulted in the following numbers of PC retention: 5 PC for full microsatellite, 8 PCs for subset microsatellite, 20 PC for full SNP dataset, and 18 PC for subset SNP.
Estimation of Migration
Recent migration rates (m) among the populations were estimated from all four datasets (full and subset for both microsatellites and SNPs) with a Bayesian Markov Chain Monte Carlo (MCMC) resampling method in BAYESASS v3.0.4 (Wilson and Rannala, 2003) , which estimates the proportion of migrants per generation within the last few generations. Optimization of parameters was done through preliminary analyses before the real tests were performed. Mixing rates for allele frequencies, inbreeding coefficients and migration rates were adjusted to achieve the suggested range of 20-40% (Wilson and Rannala, 2003) for convergence. The analysis was run with a burn−in of 1 million iterations, followed by 10 million iterations with sampling at every 1,000 steps. Convergence was confirmed by plotting the cumulative log likelihoods of the iterations using the program TRACER 1.7 (Rambaut et al., 2018) , and four runs were performed using different random seed numbers to ensure consistency. Each dataset was also analyzed with GeneClass2 (Piry et al., 2004) to identify first generation migrants using the Bayesian criterion of Rannala and Mountain (1997) . The likelihood computation was based on Lhome/Lmax with a Monte-Carlo resampling algorithm ) with 1,000 simulations and α = 0.001.
Identification of Loci Putatively Under Selection
Neutrality of the microsatellite markers was tested using the default settings in BayeScan, and the results suggested that none of the microsatellite were under selection (q-values 0.53-0.89, Supplementary Table S3 ). For the tests of outlier loci, only the full SNP dataset was therefore used. For this, several approaches were utilized to find loci putatively under selection, to be able to compare the results from the different approaches, and to include testing for environmental correlations. Because different approaches use different algorithms and assumptions, and have different types of limitations (de Villemereuil et al., 2014) , the SNPs identified as being under selection might differ between the methods. Therefore, to be confident that the outliers are likely to be true positives, they should preferably be identified by multiple approaches (de Villemereuil et al., 2014) .
First, we used two F ST -based approaches to test for SNPs under selection: a Bayesian approach implemented in BayeScan v.2.1 (Foll and Gaggiotti, 2008) , using 100 as prior odds for neutral model and otherwise the default settings, and a coalescent simulation approach (Fdist) in Arlequin v3.5 (Excoffier and Lischer, 2010) with 100,000 simulations, 100 demes, minimum heterozygosity of 0.05, maximum heterozygosity of 0.70, and a finite island model to find loci under selection.
Second, to test for correlation between selection and environmental variables we used BayeScEnv and latent factor mixed model (LFMM). BayeScEnv 1.1 aims to differentiate between signals of selection and signals of purely demographic processes on allele frequencies (de Villemereuil and Gaggiotti, 2015) , by identifying loci for which genetic differentiation is associated with a chosen environmental factor. Convergence of the MCMC chains was confirmed by plotting the log-likelihood trace in CODA package in R (Plummer et al., 2006) . For LFMM, missing genotypes were imputed using Beagle 5.0 (Browning et al., 2018) , and the results from the PCA, and a test of crossentropy (for K 1-10) performed with the LEA package in R (Frichot and François, 2015) were used to determine the most likely number of K to use, which suggested a value of three. The LFMM analyses were performed with the LFMM package in R (Caye and François, 2018) , and were run separately for two different environmental covariables (salinity and temperature). The environmental values were normalized against "normal" values for the environmental variables (to a standard deviation of 1; by subtracting the normal value from the observed value, and dividing by the standard deviation of all observed values). For this 0 (psu) was used as the normal value for salinity, because pike has a freshwater origin (Raat, 1988; Craig, 1996) , and the mean temperature of the three populations (6.6 • C) as normal value for temperature at initiation of spawning.
FDR correction of P-values, to adjust for multiple testing, was performed using the method by Benjamini and Hochberg (1995) . Significance threshold was set to FDR corrected P-values (q-values) = 0.05 for all outlier analyses. To identify candidate genes, all loci suggested as putatively being under selection or associated with the environmental factors in the outlier analyses were annotated using the reference genome (published by Rondeau et al., 2014) .
Literature Search and Synthesis of Previous Studies That Have Used Both Microsatellites and RADseq Markers to Investigate Population Genetic Structure
To identify previous studies that have used both microsatellites and RADseq markers for studing population genetic structure we conducted a topic search on 25 June, 2019, in ISI Web of Science (Data base: core collection; Time span: 1900-2019) using the search strings listed in Figure 1 . For the identified studies we extracted and synthsized information on species, sample sizes (number of populations and individuals), number of markers used, and summarized the overall findings and conclusions (Table 1) . Lastly, we combine the results of our own analysis of pike with the findings of seven previous studies to evaluate whether relative performance of microsatellites and RADseq markers are general or context specific.
RESULTS
Genetic Diversity and Population Structure
For the 10 microsatellite loci, three to 28 alleles were found across populations with a mean of 3.4-4.8 alleles across loci per population (4.0-4.8 for full dataset, and 3.4-4.3 for subset dataset, see Table 2 and Supplementary Table S4 for details). According to the microsatellite datasets, heterozygosity levels were relatively high (full microsatellite dataset H O = 0.40-0.57, subset microsatellite dataset H O = 0.43-0.64), and all three populations were in agreement with Hardy-Weinberg expectation at the majority of the loci (with the exception of one or two loci per population; see Supplementary Table S4) .
Estimates of observed heterozygosity were lower for both RADseq SNP datasets (full SNP dataset H O = 0.21-0.29, subset SNP dataset H O = 0.20-0.28) than those obtained for the microsatellite datasets. The majority of the loci in the SNP datasets were in HWE (50-64 loci for each population were not, P < 0.05), and yet Fis was close to zero for all populations ( Table 2 ). In addition, for all populations, the Fis N, number of samples; Na, total number of alleles; Mean Na, number of mean alleles over loci; Ar, allelic richness; PA, number of private alleles; H O , observed heterozygosity; H E , expected heterozygosity; Fis, fixation index; SE, standard error; SD, standard deviation. Significant deviation from HWE (*P < 0.05).
distributions for both SNP datasets were unimodal and peaking at zero (Supplementary Figure S4) , which suggests that all three populations met the expectations of HWE, and the majority of the loci was not affected by null alleles (Ravinet et al., 2016) . Genetic differentiation estimates (F ST ) based on all four datasets (full and subset microsatellite, and full and subset RADseq) suggested differentiation among all three populations (F ST = 0.059-0.172, P < 0.01 for all pairwise comparisons, Table 3 ). The results from the fastSTRUCTURE analysis of the full SNP dataset suggested that the most likely number of genetic clusters (K) was three (for both the model complexity that maximizes marginal likelihood and for model used to explain structure in the data), and revealed that the three clusters were mainly population-specific ( Figure 3E ). For the subset SNP dataset, fastSTRUCTURE suggested most likely number of K as either two (for model complexity that maximizes marginal likelihood) (Figure 3F) or three (for model used to explain structure in the data) (Figure 3G) , and the PCA were in support of the populations belonging to three mainly populationspecific clusters ( Figure 4D ). When running STRUCTURE HARVESTER on the output from the STRUCTURE analyses of the two microsatellite datasets (full and subset dataset), it suggested that the most likely number of genetic clusters were two for both datasets. However, the Evanno method can be unreliable for small values of K, and based on the LnPk and deltaK plots (Supplementary Figure S5) three clusters could also be considered. Both microsatellite datasets revealed similar patterns, and showed that for K = 2 the two geographically most adjacent populations (Lervik and Okne) were assigned to the same genetic cluster (Figures 3A,C) , whereas K = 3 indicated that the populations mainly belong to populationspecific clusters (Figures 3B,D) . The results from the PCAs were largely consistent with those from the STRUCTURE and fastSTRUCTURE analyses. For both SNP datasets (full and subset), the PCAs revealed three distinct clusters, one for each of the populations (Figures 4C,D) . For the microsatellites, the full dataset suggested two clusters, one for the Harfjärden population and one for Lervik and Okne combined (Figure 4A) , and the subset dataset could be interpreted as either two or three clusters ( Figure 4B) .
Because additional separation among clusters (especially between Lervik and Okne) could be hidden in another dimension of the PCAs we also utilized two ordination methods, one with a priori population information (CAP, Supplementary Figure S6) , and one without (DAPC, Supplementary Figures S7, S8) . The CAP analyses showed F ST values estimated based on microsatellite data ("Microsatellites"), and RADseq SNP data for all samples ("RADseq") and a subset of 10 individuals from each population ("RADseq subset"). P ≤ 0.01 for all comparisons.
Frontiers in Genetics | www.frontiersin.org that the proportion of variation explained with the suggested m-values were 83 and 61% for the full and subset RADseq SNP datasets respectively, and 69 and 63% for the full and subset microsatellite datasets respectively. Trace statistics (tr: the sum of the squared canonical correlations) supported a significant differentiation between the centroids of the populations for all datasets (microsatellite: full, tr = 1.43; subset, tr = 1.43; SNP: full, tr = 1.98, subset tr = 1.96; P < 0.0001 for all tests). The cross-validation with the leave-one-out method showed that the assignment success was 100% (64/64) with the full RADseq SNP dataset, and 96.7% (29/30) for the subset SNP datasetwhich mis-assigned LF3 (the potential migrant identified by GeneClass, see the Results section Migration below) to Okne. For the microsatellite datasets, assignment success was also high: 93.8% (60/64) and 93.3% (28/30) for the full and subset datasets respectively. For the full dataset three individuals from Lervik were assigned to Okne, and for the subset dataset one individual from Lervik was assigned to Okne, and one individual from Okne was assigned to Lervik. The K-means clustering analyses with DAPC clearly suggested three clusters for both SNP datasets (Supplementary Figures  S7C,D) . The most likely number of clusters for the microsatellite datasets were not as clear as for the SNP datasets. The results for both microsatellite datasets indicated that three clusters could be possible. However, the elbow in the plot for the full microsatellite dataset was not really distinct, and the lowest Bayesian Information Criterion (BIC) was obtained for K = 5 (Supplementary Figure S7A) ; and for the subset microsatellite dataset the BIC continuously decreased with increasing K and did not stabilize (Supplementary Figure S7B) . The assignment test revealed that the assignment success was 98.4% (63/64) and 96.7% (29/30) for the full and subset SNP datasets respectively, and 89.1% (57/64) and 90.0% (27/30) for the full and subset microsatellite datasets respectively (Supplementary Figure S8) .
Migration
TRACER showed that migration rates converged on similar estimates (before 500,000 generations) for all BAYESASS runs. Gene flow estimates for all population pairs were low for both of the full datasets (microsatellite 1.5-4.0%, SNP 1.3-6.1%, Supplementary Figures S9A,C) , and for the subset SNP dataset (2.5-5.2%; Supplementary Figure S9D) . The estimates for the subset microsatellite dataset were also low for the mainlandisland population pairs (2.8-4.3%), but were higher between the two mainland populations (9.8-26.9%) (Supplementary Figure  S9B) . The results from the GeneClass2 analyses also suggested low levels of gene flow, and only identified a few (one to two) first generation migrants (Supplementary Tables S5, S6) . The full microsatellite dataset indicated two first generation migrants, one individual in the Okne population that immigrated from Lervik, and vice versa, and revealed no migration events between Harfjärden and the other two populations (Supplementary Table S5 ). The subset microsatellite dataset and both SNP datasets suggested only one first generation migrant each (Supplementary Tables S5, S6) , which was the same individual in Lervik immigrating from Okne as identified by the full microsatellite dataset.
Identification of Loci Putatively Under Selection
Among the several approaches utilized, only the LFMM approach identified any candidate SNPs putatively under selection. The LFMM analyses identified 2 and 3 SNPs correlated with salinity and temperature respectively (q < 0.05; Figure 5 and Supplementary Table S7 
Review and Synthesis of Previous Studies
The literature search identified seven previous studies that have used both microsatellites and RADseq markers for studing population genetic structure ( Table 1) . Most of the studies used higher numbers of populations and/or individuals for microsatellites than for RADseq, and only two of the seven studies included the exact same set of populations and individuals for both marker types. As for study organisms, two of the seven studies used plant species (one species of brown algae and one tree species), and the remaining five studies used different species of fish; no other animal group was represented.
Five of the seven studies reported within population heterozygosity (H O and/or H E ), and for all of these five studies, the estimates of heterozygosity were equal or lower for RADseq compared to microsatellites. Three of the five showed lower values for RADseq compared to microsatellites, and the other two studies found no significant differences ( Table 1) . This is consistent with the results in the present study, that also obtained lower estimates of heterozygosity for RADseq than for microsatellites, and reflects a methodological/technical difference between the marker types.
Regarding genetic structure, the findings from the studies revealed that both marker types produced comparable results for highly divergent populations, but that RADseq was more successful than microsatellites in revealing fine-scaled population structure in studies where > 400 loci were utilized ( Table 1) . This is in line with the findings in the present study where we found that both marker types were able to detect population structure, but that the full RADseq SNP dataset (N = 64) provided clearer results and a more conclusive picture of the population structure.
DISCUSSION
Comparison of Heterozygosity Estimates Based on Microsatellites and RADseq SNPs
When analyzing the RADseq SNP data, estimates of heterozygosity were similar for the full sample size and for the subset of individuals (H O 0.21-0.29 for the full SNP dataset and 0.20-0.28 for the subset; Table 2 ). For the full and subset microsatellite datasets, the heterozygosity estimates differed somewhat more (H O 0.40-0.57 for the full microsatellite dataset and 0.43-0.64 for the subset; Table 2 ). There was also a relatively large difference in estimates obtained with the two different marker types, and values for RADseq were consistently lower than for microsatellites. Discrepancies in heterozygosity levels between the marker types have also been observed previously (Table 1) , and it is important to be aware of such differences when interpreting heterozygosity levels. The observed difference is likely influenced by technical and methodological differences rather than biological differences. Because of the differences in the inherent properties, comparisons of heterozygosity estimates obtained with the different markers should not be on the specific values, but on the ranking of populations or the relative differences among populations.
Overall genetic diversity reflects past events, and the level of functional genetic diversity within populations can impact the ability to cope with changing and novel environmental conditions (Hughes et al., 2008; Forsman, 2014; Charlesworth and Charlesworth, 2017; Yıldırım et al., 2018b) . Given the inherent differences between marker types, assessments of vulnerability of populations based on estimates of genetic diversity must be method-specific. In conservation contexts, a way of assessing potential negative manifestations of inbreeding is by investigating whether individual heterozygosity is associated with performance. The presence of a heterozygosity-fitness correlation, such that low heterozygosity is associated with decreased performance (HFC; David, 1998) , would indicate inbreeding depression. However, HFCs are often weak, and require that the diversity estimates reflect genome-wide diversity (Chapman et al., 2009 ). This in turn requires that a large number of markers are used, regardless of marker type, to avoid false acceptance of the null hypothesis that inbreeding has no negative effects.
Comparison of Estimates of Population Structure Based on Microsatellites and RADseq SNPs
When analyzing population structure, the different approaches yielded somewhat mixed results. Based on F ST values, the findings were consistent, and all four datasets (full and subset for both microsatellite and SNP datasets) revealed significant differentiation among all three populations. Both marker types also revealed similar patterns of the degree of pairwise population differentiation (Table 3) . Consistent with these findings, both fastSTRUCTURE and PCA (for the full SNP dataset) also suggested the presence of three mainly population-specific genetic clusters (Figures 3E, 4C) . The results for the subset SNP dataset were somewhat less conclusive but suggested similar trends to those of the full sample SNP dataset; for fastSTRUCTURE the most likely number of genetic clusters was suggested to be either two or three, and in combination with the PCA it was evident that the individuals were separated in three mainly population specific genetic clusters (Figures 3G, 4D) . Like the results for the subset SNP dataset, the results for the microsatellites were somewhat inconclusive and both the full and the subset dataset indicated that either two or three clusters could be possible (Figures 3A,D, 4A,B) . Both the STRUCTURE analyses and the PCAs suggested that the populations most likely belonged to only two genetic clusters, and that Harfjärden belonged to one population-specific genetic cluster, whilst Lervik and Okne were both assigned to the same genetic cluster. However, the results also indicated that there could be three clusters, and when using K = 3 STRUCTURE assigned the populations to three mainly population-specific clusters also for both microsatellite datasets. For the PCA analyses, even though it is possible that the overlapping clusters found with the microsatellite datasets are separated in another dimension, the majority of the variation seem to be explained by the separation between the mainland populations (Lervik and Okne) and the island population (Harfjärden) (>40% on first PC for all datasets). To evaluate whether separation in other dimensions affected the estimated population structure, we used DAPC, which effectively collapses the dimensions of the PCA into a single measure of separation. The results from DAPC revealed that both SNP datasets clearly suggested three clusters, whilst the results for the microsatellites were not as conclusive, and did not clearly suggest any specific value of K (Supplementary Figure S7) . The CAP analysis on the other hand indicated distinctiveness of the three populations for all four datasets (Supplementary Figure S6) . This discrepancy between the findings in the DAPC and the CAP analyses is likely explained by that a priori population information is used in the CAP analysis, but not in DAPC. The assignment tests revealed that all of the identified mis-classifications had occurred between the more closely related populations (Lervik and Okne). In CAP cross-validation for the full SNP dataset, all individuals were assigned to their respective population. For the subset SNP dataset one individual was mis-classified, which was most likely a first generation migrant (suggested by GeneClass). The crossvalidation test for the microsatellite datasets mis-classified three and two individuals for the full and subset datasets respectively, and these were not the same individuals as those identified as migrants using GeneClass.
The results of the migration analyses (with BAYESASS and GeneClass) for all four datasets indicated low levels of gene flow for all population pairs (1.3-6.1%, 1-2 first generation migrants; Supplementary Figure S9 and Supplementary Tables S5, S6) , except for the GeneClass results for gene flow between Lervik and Okne based on the subset microsatellite dataset (9.8-26.9%, Supplementary Table S6 ). Both marker types thus seemed to be able to detect migrants, and yielded comparable results for both of the full datasets and the subset SNP dataset.
A likely explanation for the findings regarding the estimated number of populations is that Lervik and Okne are actually two separated populations. This is supported by the results from a more comprehensive microsatellite study of pike in the Kalmar Sound by Nordahl et al. (2019) , in which a total of 457 pike from 13 populations (including the three populations included in the present study, but not the same set of individuals) were genotyped for the same set of microsatellite markers as used in the present study. In that study larger sample sizes (36-69 individuals per population) were used, and the results revealed that the three populations were genetically differentiated, and that Lervik and Okne did mainly belong to separate population-specific genetic clusters. The findings reported in the previous studies of plants and animals identified in our literature survey (Table 1) indicate that RADseq are more successful than microsatellites in revealing fine-scaled genetic structure when > 400 SNPs are used, even when fewer individuals have been sampled. This may partly reflect that only few microsatellite loci were utilized in all the studies included in the synthesis. More recent studies utilizing next generation sequencing to recover hundreds of microsatellite markers (e.g., Bradbury et al., 2018) might provide more comparable estimates of genome-wide diversity and better resolution of genetic structure. The relative performance of the two markers should therefore be further investigated when utilizing higher numbers of microsatellites as well.
Identification of Loci Putatively Under Selection
We have clear indications from previous studies based on different approaches (common garden and translocation experiments) that the three populations included in the present study are adaptively differentiated. The local adaptations have resulted from environmental differences among the spawning locations, and can for example be attributed to differences in the salinity and temperature regimes (Sunde et al., 2018a , and the amount of suspended materials (Berggren et al., 2016) . Because of this prior knowledge about local adaptations in the populations, testing for genetic signatures of selection was of particular interest to identify candidate genes responsible for the observed phenotypic differences. It also enabled us to test the capability of RADseq SNPs to detect signatures of selection associated with the environmental factors already implicated as imposing selective pressures.
Despite the already existing evidence of phenotypic local adaptation in the populations, the two analyses of locusspecific effects (Bayescan and Fdist) did not identify any SNPs under selection. This finding was somewhat surprising, because adaptive differentiation between the populations should be reflected in the genome. However, the LFMM analyses did identify signatures of selection, when salinity and temperature were introduced as environmental factors (Figure 5 and Supplementary Table S7) .
Of the SNPs identified as outliers by the LFMM analyses (two for salinity and three for temperature, after correction for multiple comparisons), one SNP was associated with both of the environmental variables, which indicates that it might not be directly associated with a single environmental variable, but rather stress in general. The annotation revealed that of the four SNPs identified, three were located within known genes (Supplementary Table S7 ). It is possible that the last SNP might also be located in a gene that is not yet identified in the pike genome, but it is also possible that these are non-coding loci linked to regions under selection. However, LFMM has a tendency to produce high false positive rates for low dispersal populations (Forester et al., 2016) , so caution should be taken before drawing firm conclusions about which genes are responsible for adaptation in such cases. To get a more comprehensive picture of the selective forces acting on this species, future studies should include a higher number of populations to achieve higher statistical power in the outlier analyses. Genome scans with higher density could thus potentially reveal some additional candidate loci under strong or moderate selection that were not represented in the present study.
Conclusions about the importance of different environmental factors should also be done cautiously when based on results from outlier analyses alone, as responses to selection are further complicated by developmental plasticity, phenotypic flexibility and crossing norms of reaction affecting the phenotypic expression of genetic variation in the study populations, especially during early stages of the development (Berggren et al., 2016) . For example, previous studies point to genotype by environment effects on hatching success for Okne and Lervik populations (Berggren et al., 2016; Sunde et al., 2019) . There is also some evidence of genetic differentiation between and within the Lervik and Harfjärden populations in developmental plasticity of some early life history traits . Therefore, care must be taken when inferring about the role of selection as a driver of population divergence from results of outlier analyses based on genetic marker data alone, as they may generate misleading conclusions.
CONCLUSION
When comparing the relative performance of microsatellites and RADseq SNPs in the present study, both markers indicated genetic differentiation between the populations (F ST values) for both the full and subset datasets. In addition, both marker types were able to detect genetic structuring for both datasetsthough the full SNP dataset provided somewhat more conclusive results. The previous studies that have compared the two marker types, invariably report that RADseq SNPs outperform microsatellites in detecting fine-scaled structuring. However, the number of microsatellite loci that have been used in those studies have generally been low, and to evaluate the relative performance studies using higher numbers of microsatellites should also be investigated. Estimates of within population diversity (heterozygosity) based on RADseq SNPs were lower than those based on microsatellites, consistent with the findings in previous studies, and likely reflecting the high mutational rate of microsatellites. Both marker types generally indicated low levels of gene flow between all populations. Results from the outlier analyses suggested signs of selection associated with salinity and temperature, two environmental factors that have been implicated as drivers of local adaptation of these pike populations also in previous studies using different approaches.
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